ABSTRACT Determining topological relations is one of the most important operations on fuzzy spatiotemporal data, which has an important significance in reasoning. In order to determine topological relations, a considerable amount of approaches have been proposed. Those efforts are quite efficient for determining discrete topological relations. But for continuous determining topological relations, the previous approaches often suffer from insufficient extensions and high cost, which significantly decrease the performance. To overcome this limitation, in this paper, we model topological relations between fuzzy spatiotemporal regions over time in XML and propose an algorithm to identify topological relations. Our approach adopts a combination of superscript and subscript so that continuous topological relations can be represented as unique. More importantly, determining topological relations in XML can reduce execution time rather than a traditional database, since XML has structural advantages and can avoid complex extensions. Finally, we run experiments to validate our approach and show its significant superiority.
I. INTRODUCTION
As spatiotemporal applications manipulate a considerable amount of spatiotemporal data [1] - [3] , there is a growing need for managing these data accurately and efficiently. Spatiotemporal data typically include both spatial and temporal phenomena. In the meanwhile, much spatiotemporal data is usually fuzzy in the real world applications since their values are subjective to real applications [4] , [5] . Due to its significance to spatiotemporal data, researchers become to focus on combination of fuzziness and spatiotemporal data [6] - [10] . Koyuncu and Yazici [6] provide an intelligent object-oriented database architecture for fuzzy spatiotemporal database. Stefanakis [10] proposes a unified framework for fuzzy spatiotemporal representation and reasoning. Pfoser and Tryfona [7] explore fuzziness and uncertainty in the spatiotemporal context. The work of Salamat and Zahzah [8] define fuzzy spatiotemporal relations using histograms of fuzzy Allen relations and fuzzy dissimilarity measure. Sözer et al. [9] present a generic spatiotemporal data model and a querying mechanism for spatiotemporal databases by combining fuzzy object-oriented database model with a knowledge base.
Among several operations on fuzzy spatiotemporal data, determining topological relations is one of the most important operations on fuzzy spatiotemporal data. As a brief motivating example, consider the problem of monitoring weather conditions in Hong Kong. The query whether there is rainfall in Hong Kong has a spatiotemporal nature and means to check the cloud amount over Hong Kong during a series of events and periods in a given temporal order. This means we have to examine whether there has been a constellation when the cloud and Hong Kong are disjoint for a while, when they meet at some time point, when they overlap for a while, when the cloud is contained within Hong Kong, when they overlap and meet again, and when they are disjoint again finally. However, examining rainfall in Hong Kong only by topological relations of cloud and Hong Kong may cause errors in judgment because it cannot be induced that it is absolutely rainy since there is cloud over Hong Kong if the cloud amount is low. For example, it may be clear when the cloud amount is 2%, and may be cloudy when the cloud amount is 30%. We cannot conclude that it is rainy because there is substantial cloud amount. Consequently, in order to determine the topological relations of fuzzy spatiotemporal data more precisely, fuzzy logic is introduced into cloud amount. Therefore, multiple efforts for determining topological relations are proposed, mainly including point-set topology [11] , dimensional-extended method [12] , minimum bounding rectangles [13] , region connection calculus [14] , CBM [15] , 2D-STRING [16] , Voronoi method [17] , and generalized intersection model [18] . The well known 4-Intersection approach [19] , [20] , the 9-Intersection approach [21] , and the Intersection and Difference (ID) model [22] , [23] are proposed to formalize topological relations between simple and crisp regions. On the basis of them, researches on topological relations of indeterminate spatial objects [24] - [26] and fuzzy spatial objects [27] - [31] are extended. Specifically, the extended 9-Intersection model replaces the crisp boundary with the broad boundary, and the 3 × 3 Intersection matrix are extended to 4 × 4 Intersection matrix and 5 × 5 Intersection matrix based on interior, boundary, and exterior of the simple fuzzy spatial regions. What's more, although Tang [31] and Bejaoui et al. [30] propose 152 and 242 relations between two fuzzy regions respectively, their efforts do not take continuous determination of two fuzzy regions into consideration. In addition to static determination of topological relations, topological relations are modeled extending two-dimensional Egg/Yolk model [32] into threedimensional that can describe the approximate topological relations for indeterminate evolving regions over time [33] . However, the proposed researches are studied based on traditional database so that they fall short in their abilities to handle fuzzy attributes extension and fuzzy time extension.
With the rapid development of the Internet, XML (Extensible Markup Language) is rapidly emerging as a medium for integrating and exchanging data from different sources. What's more, XML has great influence in data management [34] since it can remain tree structure of XML and can consider node or subtree as metadata. XML data is represented as a tree, and an XML query is typically formed as a twig pattern with predicates additionally imposed on the contents or attribute values of the tree nodes [35] . It makes determining topological relations much easier because the desired twigs can be obtained by twig pattern matching and the relations can be computed by operations of nodes in XML. Accordingly, it is significant to lead XML into determination of fuzzy topological relations, which is also explained in our previous fuzzy spatiotemporal XML efforts [36] , [37] . Surprisingly, although XML has advantages of representing and operating fuzzy spatiotemporal data, and new data types [38] and fuzzy concepts [39] , [40] can be extended to support fuzzy spatiotemporal data, the study on determining fuzzy topological relations of fuzzy spatiotemporal objects in XML has only recently started and still merits further attention.
Accordingly, the motivation of the paper is trying to build a valid and efficient topological relationship model for quantitative identification of continuous topological relations between fuzzy spatiotemporal regions over time. The paper makes the following main contributions:
• We extend the 9-Intersection model to establish a model for identifying continuous topological relations over time in XML.
• On this basis, all the possible fuzzy topological relations between two fuzzy spatiotemporal regions over time and their corresponding fuzzy topological relation R are presented.
• In succession, an algorithm to identify fuzzy topological relations between two fuzzy spatiotemporal regions over time is quantitative proposed taking advantage of neighborhood relations. The rest of the paper is organized as follows. Section 2 presents the related work. After establishing a model to identify topological relations between fuzzy spatiotemporal regions over time in XML in Section 3, Section 4 proposes an algorithm to identify fuzzy topological relations between two fuzzy spatiotemporal regions over time. Section 5 presents the experimental results and Section 6 concludes the paper.
II. RELATED WORK
In this section, we discuss related work that is relevant for topological relations between crisp spatiotemporal regions and fuzzy spatiotemporal regions.
A. TOPOLOGICAL RELATIONS BETWEEN CRISP SPATIOTEMPORAL REGIONS
In modeling crisp spatiotemporal regions, there are discrete and continuous attempts at determining topological relations.
The discrete approaches [41] , [42] represent discrete topological relations of spatiotemporal data, and regard time as an added dimension. Chirigati et al. [41] propose Data Polygamy, a scalable topology-based framework that allows users to query for statistically significant relationships between spatio-temporal data sets. The problem of discovering potential relationships between spatiotemporal data sets is studied, and users are guided in the data analysis and exploration process by allowing them to pose relationship queries. In [42] , a data model based on linear constraints is dedicated to the representation and manipulation of multidimensional data. In order to preserve a low complexity for query evaluation, the orthographic dimension of an object
. . ×O n is restricted. This allows to process queries independently on each component, therefore achieving a satisfying trade-off between design simplicity, expressive power of the query language and efficiency of query evaluation.
On the other hand, the continuous approaches indicate continuous topological relations of spatiotemporal data over time, and consider time as the whole coordinate systems. For the purpose of establishing a continuous spatiotemporal data model, the work of [43] propose a data model to describe the geometry, topology and properties of geo-objects as functions of time along the real valid time axis. These functions are defined by their values at a finite sequence of instances of time and user defined interpolation methods. In that case, two kinds of evolutions can be distinguished: evolutions which preserve all topological relationships concerning the objects such as homeomorphisms and evolutions which alter the topological relationships concerning the objects. Erwig and Schneider [44] introduce the notion of temporal function as the basis of an algebraic model for spatiotemporal data types. An element of type τ (α) = time → α denotes all total functions from time to α, which is assigned one of the spatial data types point, line, or region. The results are moving points as values of type τ (point), evolving lines as values of type τ (line), and evolving regions as values of type τ (region).
B. TOPOLOGICAL RELATIONS BETWEEN FUZZY SPATIOTEMPORAL REGIONS
Spatiotemporal regions are not always crisp but with features of fuzziness. Several efforts have been made to model topological relations between fuzzy spatiotemporal regions such as point-set topology, broad boundary topology, rough-set topology, three-valued topology, and fuzzy-set topology, etc.
Point-set topology, also called set-theoretic topology or general topology, is the study of the general abstract nature of continuity or ''closeness'' on spaces. Basic point-set topological notions are ones like continuity, dimension, compactness, and connectedness. Schneider [45] proposes a Spatial Plateau Algebra that provides spatial plateau data types as an implementation of fuzzy spatial data types. Each spatial plateau object consists of a finite number of crisp counterparts that are all adjacent or disjoint to each other, are associated with different membership values, and hence form different plateaus. This algebra is a type system that provides the spatial plateau data types fpoint, fline, and fregion together with a comprehensive collection of spatial plateau operations.
Clementini and Felice [26] present a broad boundary model, extending the model for regions using a geometrical approach. Inner boundary and outer boundary are used to extend the boundary of a region [46] . Inside the inner boundary are all the points that certainly belong to the region, while outside the outer boundary are the points that do not belong to the region. In between remains the broad boundary, containing points that may or may not belong to the region. In [47] , decentralized algorithms for computing the topology are explored. The approach generates global topological information about regions, using three basic boundary structures (boundary nodes, boundary cycles, and boundary orientation), and a family of decentralized algorithms is defined that can respond efficiently to snapshot queries about the topology of spatial regions, including containment and adjacency queries.
A rough set is a formal approximation of a crisp set in terms of a pair of sets which give the lower and the upper approximation of the original set. The work of [48] integrates rough set theory in terms of concepts in topology. The topology induced by binary relations is used to generalize the basic rough set concepts. In the approximation space, the approach considers two operators, the upper and lower approximations of subsets. Rough membership functions allow expressing fuzzy theory in topological spaces. On the basis of it, Qin and Pei [49] are devoted to the discussion of the relationship between fuzzy rough set models and fuzzy topologies on a finite universe. The axiom for fuzzy topology is proposed. It is proved that the set of all lower approximation sets of fuzzy sets based on a reflexive and transitive fuzzy relation consists of a fuzzy topology which satisfies axiom, and conversely, a fuzzy topology which satisfies axiom is just the set of all lower approximation sets under a reflexive and transitive fuzzy relation.
A three-valued logic is any of several many-valued logic systems in which there are three truth values indicating true, false and some indeterminate third value. Pauly and Schneider [50] employ a three-valued logic that, in addition to the truth values true and false, includes a value maybe for taking into account the aspect of vagueness. A vague topological predicate returns then one of these three truth values. It returns true if the relationship definitely holds, false if the relationship does definitely not hold, and maybe if there is not enough information to make a clear decision. The approach enables a smooth migration from crisp to vague spatial concepts and facilitates their treatment in the same framework.
Fuzzy set theory is an extension of traditional set theory, where a value in the range [0, 1] is associated with each element of the set [46] . This value is the membership grade; a value 0 indicates that the element does not belong to the set. Dilo et al. [51] propose a model based on fuzzy theory, taking gradual transitions into consideration. The approach considers a standard set of operators on crisp objects and defines them for vague objects. Definitions for operators returning spatial types are regularized fuzzy set operators: union, intersection, and difference; two operators from topology: boundary and frontier; and two operators on vague partitions: overlay and fusion. In [52] , a method is presented to generate verbal terms about topological relations between fuzzy regions, relying on the fuzzy 4-intersection. The derivation of the verbal term about the topological relation between two fuzzy regions is based on similarity computation between the fuzzy 4-intersection. The work of [53] presents a generalization of the RCC based on fuzzy set theory, and discusses how reasoning tasks such as satisfiability and entailment checking can be cast into linear programming problems. The approach is to define C as a fuzzy relation, i.e., for each pair (u, v) of regions, C (u, v) is a degree in [0, 1] reflecting to what extent u and v are connected.
A comparative study in terms of different features is presented in Table 1 . As Table 1 shown, current efforts mainly focus on topological relations between fuzzy regions qualitatively, while our paper tries to build a valid and efficient topological relationship model for quantitative identification. On the other hand, current efforts mainly discuss discrete topological relations between fuzzy regions, while our paper proposes an identifying model for continuous topological relations between fuzzy regions over time. To sum up, the motivation of our research is to develop a topological relationship mechanism, which integrates fuzzy set theory into our approach. Furthermore, our approach will provide a quantitative mechanism that allows identification of continuous topological relations of fuzzy spatiotemporal regions over time.
III. FUZZY TOPOLOGICAL RELATION MODEL IN XML
In this section, we propose a topological relation model to identify topological relations between two fuzzy spatiotemporal regions over time in XML. We start by introducing what a fuzzy spatiotemporal data and fuzzy spatiotemporal XML document are and how they are interpreted [54] , [55] .
Definition 1: Fuzzy spatiotemporal data (denoted as FSP) is a 5-tuple, FSP = (OID, ATTR, FP, FM, FT), where
• OID is the changing history of fuzzy spatiotemporal data.
• ATTR is the fuzzy attributes of fuzzy spatiotemporal data.
• FP is the fuzzy position of fuzzy spatiotemporal data.
• FM is the fuzzy motion of fuzzy spatiotemporal data.
• FT is the fuzzy time of fuzzy spatiotemporal data. It is clear that the traditional XML schema definitions should be extended to accommodate fuzzy spatiotemporal data. As a result, we will extend XML schema to incorporate fuzzy spatiotemporal information from four viewpoints.
Definition 2: For the fuzzy spatiotemporal XML document, we have F = (V , ψ, T , , ℘, τ, ξ, δ, π), including:
• is the nesting depth of V in the spatiotemporal data tree of the document. The of root node is 1, and the of each following level adds 1.
• ℘ preserves the order information in the fuzzy XML data tree. It can be generated by counting word numbers from root of the fuzzy data tree until the start and end of the element, respectively. Here, we use preorder traversal.
• τ is a set of labels.
• For the node v ∈ V and the label ∇ ∈ τ , ξ (v, ∇) specifies v exists with label ∇.
• δ ∈ τ is a mapping from the element node v ∈ V to membership degree functions. It defines the possibility of the element node exists.
• π ∈ τ is a mapping from the attribute node v ∈ V to possibility distribution functions. It defines the possibility of the attribute node exists. Since XML is extendable and structured, it can represent fuzzy information naturally. Two kinds of fuzziness in an XML document can be identified [56] : the fuzziness in elements and the fuzziness in attribute values of elements. We use the membership degrees associated with elements for the former one and the possibility distributions to represent values for the latter one. For attribute values of elements, it is often the case that some data item is known to have multiple values, which may be unknown completely and can be specified with a possibility distribution. In contrast, some data items are known to have a single unique value. Accordingly, there are two interpretations for a fuzzy data represented by a possibility distribution: fuzzy disjunctive data and fuzzy conjunctive data. Additionally, possibility distribution can be used to express fuzzy element values.
Spatiotemporal data can be naturally represented as rooted, ordered, and directed trees in XML, where nodes correspond to elements and edges represent relationships between nodes. A fuzzy XML document is defined as a data tree as well. There are two types of nodes in fuzzy XML documents: crisp VOLUME 6, 2018 nodes and fuzzy nodes. The former are the regular XML nodes and the latter describe a fuzzy perspective over the subsets of child nodes, which indicate a possibility associated with an element node exists. It is more appropriate to treat a fuzzy spatiotemporal data as a structured ''tuple'' of values. In other words, the existential possibility associated with an element should be the possibility that the state of the world includes this element.
Definition 3:
For the fuzzy XML spatiotemporal data model FSP = (OID, ATTR, FP, FM, FT) and the fuzzy spatiotemporal data tree F = (V , ψ, T , , ℘, τ, ξ, δ, π), we have:
• FT ∼ T , τ , ξ , δ. Now let us interpret what a membership degree associated with an element means [55] . The existential membership degree associated with an element should be the possibility VOLUME 6, 2018 that the state of the world includes this element and the subtree rooted at it. For an element with the sub-tree rooted at it, each node is dependent upon its root-to-node chain. Each possibility in the source fuzzy spatiotemporal XML document is assigned conditioned on the fact that the parent element exists. In other words, this possibility is a relative one based upon the assumption that the possibility the parent element exists is exactly 1.0. In order to calculate the absolute possibility, we must consider the relative possibility in the parent element. In general, the absolute possibility of an element can be obtained by multiplying the relative possibilities found in the source fuzzy spatiotemporal XML along the path. By default, relative possibilities are therefore regarded as 1.0 (i.e., the relative possibility is equal to 1.0 when corresponding to the certain cases).
Let U be a universe of discourse and F be a fuzzy set in U . A membership function µ F : U → [0, 1] is defined for F, where µ F (u), for each u ∈ U , denotes the membership degree of u in the fuzzy set F. Thus, the fuzzy set F is described as follows:
when U is not a discrete set, the fuzzy set F can be represented by
Note that, in this paper, µ F is used to represent the membership function of fuzzy set F, and µ F (u) is used to represent the membership degree that u belongs to fuzzy set F. Subsequently, let us introduce the process of generating automatically reasonable membership functions and appropriate decision rules from the training data. The process can be divided into six main steps [57] .
• Cluster and fuzzify the output data;
• Construct initial membership functions for input attributes;
• Construct the initial decision table;
• Simplify the initial decision table;
• Rebuild membership functions in the simplification process;
• Derive decision rules from the decision table.
Concerning on fuzzy spatiotemporal XML data, as mentioned above, we concentrate on membership degree associated with an element. As for their membership functions, they are usually user-defined according to the practical applications. There are several determining methods such as triangular function, trapezoidal function (R-function and L-function), Gaussian function, similarity relation, etc.
Definition 4:Fuzzy spatiotemporal region F is a 4-tuple, F = (C, I , E, T ), where
• C is the core of fuzzy spatiotemporal region.
• I is the indeterminate boundary of fuzzy spatiotemporal region with an α-cut level (denoted by A α ).
• E is the exterior of fuzzy spatiotemporal region.
• T is the valid time of fuzzy spatiotemporal region.
The concept of an α-cut level region is used to approximate the indeterminate boundaries of a fuzzy region and defined as follows:
Apparently, A α is the indeterminate boundary of fuzzy spatiotemporal region (I ) whose boundary is defined by all points with membership degrees equal to α. In order to annotate XML documents with truth degrees, we propose a possibility attribute Poss applied together with the element Val to specify the possibility of a given element existing in XML documents, which takes a value between 0.0 and 1.0. Truth degrees can be declared through internal or external mechanisms. Nevertheless, we would like to guaranty that any user will have a valid schema that allows recognizing truth degrees by XML documents. On the basis of it, further studies on fuzzy regions such as fuzzy topological relations between fuzzy regions can be defined by aggregating the α-cut level of fuzzy regions. In addition, it lays foundations for our research on determining topological relations of fuzzy spatiotemporal regions over time in XML.
Supposing there are two fuzzy spatiotemporal regions A and B, T 1 and T 2 are the valid time of fuzzy spatiotemporal regions A and B respectively, then we adopt the intersection between the parts (core, indeterminate boundary, exterior) of their regions involved over time T 1 ∩ T 2 to formalize the topological relations.
In each circumstance, the evolving fuzzy regions A and B have the same topological relation, but their spatiotemporal topological relations are definitely different. We are only interested in the evolving fuzzy regions at the same time interval. Accordingly, a definition of ''∩ T '' is needed to simplify the problem and eliminate meaningless topological relations.
Definition 5: For two evolving fuzzy spatiotemporal regions A and B, T A is the time interval of the fuzzy region A and T B is the time interval of the fuzzy region B, we have: 
E(B), E(A)∩ TA∩TB C(B), E(A)∩ TA∩TB I (B), C(A)∩ TA∩TB E(B), C(A)∩ TA∩TB C(B), C(A)∩ TA∩TB I (B), I (A)∩ TA∩TB E(B), I (A)∩ TA∩TB C(B), I (A)∩ TA∩TB I (B)), which can be determined by (denoted as q (αi))
The basic probability assignment m (A αi ), which can be interpreted as the probability that A αi is the true representative of the fuzzy spatiotemporal region A: m (A αi ) = α i − α i+1 for 1 ≤ i ≤ n for some n ∈ N with 1 = α 1 > α 2 > . . . > α n > α n+1 = 0. τ (A αi , B αj ) is one of the topological relationship value, and the returned value is a membership degree of the fuzzy topological relations of these two fuzzy spatiotemporal regions. τ is defined being the value representing the topological relation between two α-cut level fuzzy spatiotemporal regions.
Topological relations between fuzzy regions describe spatial intersection or relationships between fuzzy regions in space. The 9-Intersection model [21] analyzes topological relations, which is based on the intersection between interior part, boundary part, and exterior part of the regions involved.
For fuzzy spatiotemporal regions, ones can be considered as consisting of core parts, indeterminate boundary, and exterior parts [58] . Between the two fuzzy spatiotemporal regions A and B over time, the intersection matrix can be represented in Table 2 , as similar as the building of the topological model 9-Intersection [59] . The intersection matrix applied to two fuzzy spatiotemporal regions A and B over time can be expressed by the following expression:
Definition 7: For two evolving fuzzy spatiotemporal regions A and B, T A is the time interval of the fuzzy region A and T B is the time interval of the fuzzy region B, ξ A = E(A) ∨ C(A)∨ I (A), ζ B = E(B) ∨ C(B) ∨ I (B), R is fuzzy topological relation of A and B.
Supposing e i is the element of R where 1 ≤ i ≤ 9, (.) is the function of mapping the values of empty (∅) and non-empty (¬∅) onto the integers, dim denote the dimension, then we have:
According to Definition 7, it is easy to identify topological relations between two fuzzy spatiotemporal regions over time. We will use the following example to illustrate our topological relation model.
Example: There are three fuzzy spatiotemporal relations between A and B shown in Figure 1 [58] . The fuzzy spatiotemporal relation between A and B shown in Figure 1a remains valid throughout the whole time interval while the fuzzy spatiotemporal relation between A and B shown in Figure 1b and in Figure 1c are not restricted to be valid at the whole time interval. Although the fuzzy spatiotemporal relation in Figure 1b and in Figure 1c are not restricted to be valid at the whole time interval, they are different because the former changes from valid to invalid while the latter changes from invalid to valid. Obviously, their fuzzy spatiotemporal relations over time are different. However, the representation of their relations cannot be distinguished using previous approaches. According to Definition 7, those circumstances can be easily identified. Take the intersection of the indeterminate boundary for example, (.) = 1 + in Figure 1a According to Definition 7, each relation value of e i in the R can be represented by the combination of superscript and subscript so that fuzzy topological relations between two fuzzy regions over time can be represented as the VOLUME 6, 2018 FIGURE 2. Fuzzy topological relation R of each relation presented in [58] .
unique R. Conversely, the unique R can also identify only one circumstance of fuzzy topological relations over time. In other words, the fuzzy topological relations over time and R can be mapped one to one mutually.
Being different from static objects, spatiotemporal objects have moving features, which are positions, shapes, and motion over time continuously. Abstract data types are introduced to describe these features. The concept of temporal information and spatial information is combined by recording the spatial state in time to get a new spatiotemporal concept. The types of moving features are viewed as a mapping from time t to spatial object s. Generally, it can be defined as a function from time to spatial region:
Type τ (α) denotes all functions from time to α, and α is the fuzzy spatiotemporal data type of regions. It is noted that the fuzziness not only exists in time and α but also exists in the development functions, which can express the relationship of time to a spatial region approximately. In this paper, we mainly talk about two-dimensional spatiotemporal data since zero-dimensional and one-dimensional spatiotemporal data can be extended in an analogously way.
Using the dimensional extensibility, we get 92 fuzzy topological relations between two fuzzy regions over time [58] . On the basis of those relations, fuzzy topological relation R of each relation can be generated according to Definition 7 as shown in Figure 2 . As shown, the fuzzy topological relations over time and R can be mapped one to one mutually.
Note that, there are three main reasons about differences between our method and existing methods. Firstly, in the work of Bejaoui et al. [30] , the 242 relations between two fuzzy regions further subdivide one relation into multiple ones according to their vagueness level, while our method detects this kind of situation by designing quantifier Q (αi) in the following step; in the work of Tang [31] , the 152 relations are based on 4 * 4-intersection matrix, while our method is based on the extended 9-intersection model of our previous work [58] . Secondly, because we focus on identification of continuous topological relations between fuzzy spatiotemporal regions over time, we are only interested in the evolving fuzzy regions at the same temporal interval so that different spatiotemporal relations over time with the same topological relation are meaningless and omitted. Finally, the extended topological relations in this paper only consider at most two different circumstances over time. Actually, our model for identifying continuous topological relations over time could represent complex fuzzy topological relationsthat change multiple times over time, which could be extended according to Definition 7 in an analogously way.
Concerning on fuzzy topological relations between two fuzzy regions over time, the time axis can be regarded as a third geometric dimension because spatiotemporal space is homeomorphic and topologically equivalent to three-dimensional geometric space [44] . To this end, fuzzy topological relations can be used to describe spatiotemporal relations between two fuzzy regions over time. According to Definition 7, our model can effectively solve the problem that fuzziness is concerned in topological relations and the topological relation may change when two fuzzy regions evolve over time. Accordingly, the spatiotemporal space is homeomorphic and topologically equivalent to our extended three-dimensional geometric space.
As for fuzzy topological relations between two fuzzy regions over time, it is supposed to be fuzzy now and thus. For example, let two fuzzy spatiotemporal regions A and B, they can overlap with 0.4 of membership degree and at the same time meet with 0.6 of membership degree, in a given moment. In order to detect this kind of situation, the quantifier is designed as
The numbers in Q (αi) are selected in the interval [0, 1], in which three broad classes in the middle and a narrow class at each end of the interval. The selection of the classes is more or less arbitrary.
IV. DETERMINATION OF FUZZY TOPOLOGICAL RELATION
Determining topological relations is one of the most important operations on fuzzy spatiotemporal data. In this section, we propose an algorithm to identify fuzzy topological relations between two fuzzy regions over time. We firstly study neighborhood relations between fuzzy regions over time since it can help to reduce unnecessary execution time in the coming algorithm. Then, the algorithm of determining fuzzy topological relation is proposed.
A. NEIGHBORHOOD RELATIONS
Since fuzzy topological relations may convert from one case to another over time, it is necessary to provide a measure to assess how far two fuzzy topological relations are apart from each other. The topological distance between two fuzzy topological relations, which determine the number of corresponding elements with different values in the fuzzy topological relation R, is introduced to assess how far two fuzzy topological relations are.
Definition 8: For two fuzzy topological relations R x and R y among 92 fuzzy topological relations obtained by our topological relation model with 1 ≤ x, y ≤ 92, e i is the element of R where 1 ≤ i ≤ 9, and (.) is the function of mapping the values of empty (∅) and non-empty (¬∅) onto the integers.. The topological distance, denoted by TD (R x , R y ), is the sum of the topological distance of their core parts and indeterminate boundary, which are denoted as TD C (R x , R y ) and TD I (R x , R y ), respectively. Then we have
− y (e 7 )| + | x (e 9 ) − y (e 9 )|. Topological distance between any two fuzzy topological relations can be obtained according to the Definition 8. For instance, the topological distance between the 14 th and 67 th fuzzy topological relation R in Figure 2 can be computed according to Definition 8 as
Similarly, topological distances between other fuzzy topological relation R can be computed in an analogously way.
The neighborhood relations are identified by topological distance calculated by the number of corresponding elements with different values in the fuzzy topological relation R. Traditional neighborhood relations indicate relations between topological relations. However, in fuzzy topological relations between two fuzzy regions over time, topological relations with distance equal to 1 may be integrated into different clusters that are not connected. In that case, the neighborhood relations should be extended not only between topological relations but also clusters of topological relations.
Definition 9: For two fuzzy topological relations R 1 and R 2 , their fuzzy topological relation R are denoted as R x and R y with 1 ≤ x, y ≤ 92, we have:
• R 1 and R 2 are neighborhood relation between topological relations if TD I (R 1 , R 2 ) = 1, where R x = R y .
• R 1 and R 2 are neighborhood relation between clusters of topological relations if TD I (R x , R y ) = 2 ∧R x = max(R i ), where R x = R y and M i is all possible topological relation in the cluster. It can be observed that the defined neighborhood relations are determined by topological distance, only consisting of TD I (R 1 , R 2 ) but no TD C (R 1 , R 2 ). This can be explained by the fact that neighborhood relations are relating to their indeterminate boundary, and the core parts do not affect the fuzzy topological relations. It is noted that fuzzy topological relations are relating not only their indeterminate boundary but also their core parts, although neighborhood relations are determined only by their indeterminate boundary. According to the fuzzy topological relations, it is particularly useful to predict the most likely topological relations between two fuzzy regions over time when change occurs, which could efficiently reduce the execution time of determining fuzzy topological relations. regions over time in XML. The detailed determining definitions are depicted as follows, which are inspired by representing and determining fuzzy spatial relations of our previous work [60] . We apply the proposed mechanism into determining fuzzy topological relations in XML. In this paper, we use MBR [61] Based on the determining definitions above, we propose the algorithm for determining fuzzy topological relations. The pseudo-code is depicted in the following algorithm.
To understand the steps of the above algorithm, we present more details with the following supporting example shown in Figure 1 . Take Figure 1b 
V. EXPERIMENTAL EVALUATION
Because our model is proposed for quantitative identification of continuous topological relations between fuzzy spatiotemporal regions over time in XML, to evaluate the effectiveness and preciseness of our approach, we compare the performances of our proposed algorithm with the existing approaches. The experiments have been implemented in Microsoft Visual Studio 10.0, and performed on a system with 1.8 GHz Pentium IV processor, 1 GB RAM and running on Windows XP. For our experimental evaluations we use a real dataset coming from part of meteorological observations in Hong Kong in 2011 [62] , which contain information about daily mean amount of cloud (%) shown in Table 3 .
In the first group of experiments, we perform the proposed position schema to the application. Figure 3 shows position schema of the fuzzy spatiotemporal data. It can be observed that Schema-Position.xsd is valid at the bottom of the Figure 3 , which shows that our model is valid and useful.
In the second group of experiments, we compare the average execution time of determining fuzzy topological relations over time continuously in XML and traditional database. In this paper, traditional database indicate relational database, and the strategy to implement the topological relationships in the traditional database is employed by [63] . Figure 4 presents execution time when comparison times change, while traditional database and XML represent determining fuzzy topological relations in traditional database and XML, respectively. It can be observed that the performance in XML outperforms that in traditional database when the comparison times increase. This can be explained by the fact that XML has great extensibility and structural advantages.
In the third group of experiments, we compare the execution time of determining fuzzy topological relations using general approach [63] and our proposed algorithm in XML. Figure 5 presents execution time with different fuzzy topological relations. It can be observed that the performance using our proposed algorithm outperforms general approach in XML for all possible fuzzy topological relations. In addition, the execution time is different for the fuzzy topological relations, which are affected by their neighborhood relations.
In the fourth group of experiments, we compare the execution time of determining fuzzy topological relations over time between TRTwig [36] and our approach. It can be observed from Figure 6 that our approach outperforms TRTwig when comparison times are less than 24. This can be explained by the fact that the main cost of TRTwig is the time of transforming, while our approach adopts neighborhood relations for determination. In the last group of experiments, we evaluate the precision of our approach. Figure 7 shows the precision of rainy results of fuzzy topological relations with different α-cut levels. The threshold for fuzziness can be set according to the α-cut levels. It can be observed that the precision of determining fuzzy topological relations with non-fuzzy logic (1.0) is lower than that with fuzzy logic ((0, 1) ). The experiment also illustrates the benefit of fuzzy logic in determining fuzzy topological relations of fuzzy spatiotemporal regions over time. In addition, we can observe that the precision with medium α-cut levels (0.6-0.7) has the highest precision.
VI. CONCLUSION
We formally model topological relations of fuzzy spatiotemporal regions over time in XML, which can represent different kinds of spatiotemporal relations over time. On the basis of it, taking advantage of neighborhood relations, an algorithm to identify fuzzy topological relations between two fuzzy spatiotemporal regions over time is proposed. Experimental results confirm the effectiveness and efficiency of our approach in continuous determination of topological relations.
Future work will focus on dealing with our approach integrated with XML twig pattern in fuzzy spatiotemporal XML documents. For example, we plan to integrate TRTwig with our approach. Additionally, we would like to search method of reducing computational cost since the intersection operator is the most expensive one in terms of computation.
